Abstract-Approximate entropy (ApEn) is a family of statistics introduced as a quantification of regularity in time series without any a priori knowledge about the system generating them. The aim of this preliminary study was to assess whether a time series analysis of arterial oxygen saturation (SaO 2 ) signals from overnight pulse oximetry by means of ApEn could yield essential information on the diagnosis of obstructive sleep apnea (OSA) syndrome. We analyzed SaO 2 signals from 187 subjects: 111 with a positive diagnosis of OSA and 76 with a negative diagnosis of OSA. We divided our data in a training set (44 patients with OSA Positive and 30 patients with OSA Negative) and a test set (67 patients with OSA Positive and 46 patients with OSA Negative). The training set was used for algorithm development and optimum threshold selection. Results showed that recurrence of apnea events in patients with OSA determined a significant increase in ApEn values. This method was assessed prospectively using the test dataset, where we obtained 82.09% sensitivity and 86.96% specificity. We conclude that ApEn analysis of SaO 2 from pulse oximetric recording could be useful in the study of OSA.
I. INTRODUCTION
O BSTRUCTIVE sleep apnea (OSA) syndrome is a respiratory disorder characterized by recurrent airflow obstruction caused by total or partial collapse on the upper airway [1] . Epidemiological studies in middle-aged populations have shown an OSA prevalence of 4% in males and 2% in females [2] . OSA has major health implications ranging from traffic accident to serious cardiac arrhythmias [3] . OSA is associated with increased risks of hypertension, myocardial infarction, and with increased mortality rates [4] , [5] .
At present, the most widely accepted diagnostic test for OSA syndrome is overnight polysomnography (PSG) [6] . PSG consists in the measurement and recording of several signals used to analyze sleep and breathing. The expensive and time-consuming nature of PSG prompts many sleep centers to perform an initial screening test in order to reduce the number of PSGs needed. Therefore, several strategies have been developed to reduce the number of sleep recordings, including sleep questionnaires, ambulatory recordings and simplified multichannel systems. In sleep medicine, pulse oximetry is an essential tool for tracking the fluctuations in the arterial oxygen saturation signals, which are characteristic for unstable ventilation in patients with sleep apnea. Pulse oximetry has provided early insights into sleep related breathing disturbances [7] , and it has opened the way for subsequent systematic investigations of sleep apnea [8] . Thus, overnight pulse oximetry has been proposed as a simpler alternative to PSG in the diagnosis of OSA because it is readily available, it is relatively inexpensive and could potentially meet the large demand for diagnostic testing [9] - [12] . It can be easily done at home and repeated, which is not the case with PSG.
There are many quantitative indexes derived from overnight pulse oximetry in the diagnosis of OSA. The most widely used include the number of oxyhemoglobin desaturations below a certain threshold, usually 3% or 4% decline from baseline [13] - [16] , or the cumulative time spent below a of 90% [17] , [18] . In this paper, we estimated the entropy of to predict the OSA syndrome.
Entropy is a concept addressing randomness and predictability, with greater entropy often associated with more randomness and less system order. Kolmogorov-Sinai entropy (K-S entropy), developed by Kolmogorov and expanded upon by Sinai, allows classifying deterministic dynamical systems by rate of information generation [19] . Unfortunately, K-S entropy was not developed for statistical applications and diverges to a value of infinity when the signal is contaminated by the slightest noise. A practical solution to this problem has been put forward using a recently developed family of statistics named approximate entropy [20] . Although there are many other entropy estimators, several properties of facilitate its utility for empirical time series analysis: it is nearly unaffected by noise below a de facto specified filter level; it can be applied to short time series and it is finite for stochastic, noisy deterministic and composite processes [21] .
The goal of this study was to assess whether a time series analysis of signals by means of could yield essential information on the diagnosis of OSA syndrome.
II. SUBJECTS
One-hundred-eighty-seven subjects took part in this prospective study. Patients were recruited from the outpatient clinic. There were 147 males (78.61%) and 40 females (21.39%) with a mean standard deviation (SD) age of years and mean body mass index (BMI) of . All subjects were suspected of having OSA because of daytime hypersomnolence, loud snoring, nocturnal choking and awakenings, or apneic events (or all four symptoms) reported by the subject or a bedmate.
Sleep studies were carried out usually from midnight to 08:00 a.m. in the Sleep Unit of Hospital Clínico Universitario in Santiago de Compostela, Spain. The Review Board on Human Studies at this institution approved the protocol, and all subjects gave their informed consent to participate in the study. Patients were evaluated by an overnight pulse oximetry test in conjunction with a simultaneous conventional polysomnographic (PSG) study. This technique consisted in continuous monitoring using a polygraph (Ultrasom Network, Nicolet, Madison, WI) and included EEG, electro-oculogram, chin electromyogram, air flow (three-port thermistor), ECG and measurement of chest wall movement. The PSG register was analyzed over periods of 30 s and during sleep phases I, II, III, IV and rapid eye movement, according to the system of Rechtschaffen and Kales [22] . Apnea was defined as the absence of air flow for more than 10 s, and hypopnea as a decrease in respiratory flow of at least 50%, accompanied by a decrease of more than 4% in the saturation of hemoglobin. The average apnea-hypopnea index (AHI) was calculated for hourly periods of sleep. In this paper, an events per hour was considered as diagnostic of OSA. If the subject had less than 3 hours of total sleep, the sleep study was repeated.
Recording of the was carried out using a Criticare 504 oximeter (CSI, Waukeska, WI) with a finger probe, with sampling frequency of 0.2 Hz (one sample every 5 s). The signals were saved to separate files and processed off-line by means of . A positive diagnosis of OSA was confirmed in 111 (59.36%) out of 187 subjects using PSG recordings. Table I summarizes the demographic data and clinical features for all subjects under study divided into patients with a positive diagnosis of OSA (OSA Positive group) and patients with a negative diagnosis of OSA (OSA Negative group). There were 94 males (84.68%) and 17 females (15.32%) in the OSA Positive group, with a mean SD age of years and mean BMI of . The mean age in the OSA Negative group was with a mean BMI of . In this OSA Negative group, there were 53 males (69.74%) and 23 females (30.26%) There were no significant differences between OSA Positive and Negative groups in mean age, mean BMI and time recordings. However, the OSA Positive group presented a significant increase in the number of males (84.68% versus 69.74%).
We divided our population randomly into a training set (74 subjects, 39.57%) and a test set (113 subjects, 60.43%). The training set was used to develop the algorithm and to select the optimum threshold for method. The final algorithm was then applied without further alteration to the data from the test set. In the training set, we included 74 subjects (44 patients with a positive diagnosis of OSA and 30 with a negative diagnosis of OSA) with a mean age of years. In the test set there were 113 subjects (67 patients with a positive diagnosis of OSA and 46 with a negative diagnosis of OSA) with a mean age of years. The demographic data and clinical features of training and test sets are summarized in Table I . Fig. 1 shows data plots from nocturnal oximetry for an OSA negative subject, an apparent OSA positive subject and an uncertain OSA positive subject.
III. METHODS
is a family of statistics introduced as a quantification of regularity in the data without any a priori knowledge about the system generating them [23] . It was constructed by Pincus [20] , motivated by applications to short and noisy data sets, along thematically similar lines to K-S entropy. However, the focus was different: to provide a widely applicable, statistically valid formula that will distinguish data sets by a measure of regularity [20] . The observation motivating is that if joint probability measures for reconstructed dynamics that describe each of two systems are different, then their marginal probability distributions on a fixed partition, given by conditional probabilities, are likely different. We typically need orders of magnitude fewer points to accurately estimate these marginal probabilities than to accurately reconstruct the attractor measure defining the process [21] .
Several properties of facilitate its utility for empirical biomedical time series analysis.
is nearly unaffected by noise below a de facto specified filter level , it is scale invariant and model independent, it evaluates both dominant and subordinated patterns in data, and it discriminates series for which clear feature recognition is difficult [21] . Moreover, it can be applied to time series of 50 or more points with good reproducibility; it is finite for stochastic, noisy deterministic and composite processes; and increasing values of correspond to more irregularity in the time series [21] .
Based on numerous studies, correlates with "occult" or subclinical changes often undetected by other more classical time series means, including both moments statistics, and spectral and correlation analyses [21] . Moreover, changes have often been seen to be predictive of subsequent clinical changes. This has facilitated the application of to numerous settings. Within biology and medicine, it has been used to discriminate atypical EEGs [24] and respiratory patterns [25] from normative counterparts. Furthermore, it has been applied to quantify the differences in apparent regularity between the heart rate interval time series of aborted SIDS and healthy infants [26] and to characterize postoperative ventricular dysfunction [27] . Preliminary evidence suggests that applied to EEGs may be predictive of epileptic seizure [28] and may be an effective tool to quantify the depth of anesthesia [29] . Moreover, it has been shown that follows closely the results obtained from spectral entropy extracting features from EEG and respiratory recordings of a patient during Cheyne-Stokes respiration, with apparently higher sensitivity and reduced error [30] . Within endocrinology, it has been used in multifaceted ways; for instance, in the analysis of endocrine hormone release pulsatility [31] and the impact of pulsatility on the ensemble orderliness of neurohormone secretion [32] .
assigns a non-negative number to a time series, with larger values corresponding to more irregularity in the data. Two input parameters, a run length and a tolerance window , must be specified to compute . Briefly, measures the logarithmic likelihood that runs of patterns that are close (within ) for contiguous observations remain close (within the same tolerance width ) on subsequent incremental comparisons. It is important to consider -or , where is the number of points of the time series-as a family of characterizing measures: comparisons between time series can only be made with the same values of and [21] .
Formally, given data points from a time series , one should follow these steps to compute [21] 
measures, within a tolerance , the frequency of patterns similar to a given one of window length . The accuracy and confidence of the entropy estimate improve as the number of matches of length and increase. The number of matches can be increased by choosing small (short templates) and large (wide tolerance). However, there are penalties for criteria that are too relaxed [20] . For small values, one usually achieves poor conditional probability estimates, while for large values, too much detailed system information is lost. To avoid a significant contribution of noise in an calculation, one must choose larger than most of the noise [20] .
In this paper, signals were recorded with a sampling frequency of 0.2 Hz (one sample every 5 s). Then, the signals were divided into epochs of 200 samples. Thus, each epoch to be analyzed by means of had a duration of 1000 s. As suggested by Pincus [21] , was estimated using the widely established parameter values of , , and , 0.15, 0.2, and 0.25 times the SD of the original data sequence . Normalizing in this manner gives a translation and scale invariance, in that it remains unchanged under [21] . These input parameters produce good statistical reproducibility for with time series of length , as considered herein [20] , [23] , [26] , [33] , [34] .
IV. RESULTS
We present the results obtained on the training and test sets.
A. Training Set
has to be seen as a family of characterizing measures, where is the number of points in our time series. As suggested by Pincus [ [21] . Thus, the smaller values in the signals from OSA Negative group imply stronger regularity, or persistence, than in the signals from OSA Positive group. We selected the optimum threshold from the training set to improve the sensitivity/specificity pair according to the receiver operating characteristic (ROC) plots [35] . We used a computer program developed with Matlab ® that automatically selected different thresholds or cutoff points ( values) and calculated the sensitivity/specificity pair for each one of them. Sensitivity-the true positive rate-is the proportion of patients with a positive diagnosis of OSA who test positive ( value higher than the cutoff point), whereas specificity-the true negative rate-represents the percentage of patients with a negative diagnosis of OSA correctly recognized ( value lower than the cutoff point). The program selected the optimal threshold as the cutoff point determined graphically from the ROC curve as the point closest to the left top point (100% sensitivity, 100% specificity). Fig. 2 shows this ROC curve from the training set for . We obtained an optimum threshold and an area under the ROC curve of 0.94, close to the ideal setting of a perfect diagnostic test (area under the ROC curve of 1). Moreover, we achieved 81.82% sensitivity and 90% specificity in the training set with this optimum threshold . Therefore, we selected and times the SD of the original data sequence in the estimation from signals.
values for OSA Positive and OSA Negative groups in the training set are shown in Fig. 3 with the optimum threshold at . It can be seen that patients in OSA Negative group had lower values than patients in OSA Positive group .
B. Test Set
We used the parameters chosen from the study of the training set time series:
and times the SD of the time series in the estimation of signals from the test set. Fig. 4 represents the mean values for OSA Positive and OSA Negative groups in the test set.
values were higher in the OSA Positive group than in the OSA Negative group
. These results confirmed that the degree of irregularity of signals was higher in the OSA Positive group. Applying the -Student test, we verified that there was a significant difference . Moreover, we computed sensitivity and specificity in the test set with the previously selected threshold. We achieved 82.09% sensitivity and 86.96% specificity with this test set.
V. DISCUSSION AND CONCLUSION
In this paper, we analyzed the signals of 187 patients (111 with a positive diagnosis of OSA and 76 with a negative diagnosis of OSA) by means of ApEn, a nonlinear method that quantifies the regularity of time series. To avoid the optimization of all parameters involved (method/measure parameters and threshold) on the whole data record, we divided our data into a training set (44 patients with OSA Positive and 30 patients with OSA Negative) and a test set (67 patients with OSA Positive and 46 patients with OSA Negative). The training set was used for algorithm development and optimum threshold selection. The final algorithm was then applied to the test set, where we obtained 82.09% sensitivity and 86.96% specificity.
Results showed that the recurrence of apnea events in patients with OSA determined a significant increase in the values of signals. reflects the rate of new pattern generation when the dimension decreases from 2 to 1 [36] . A larger value of means that the chance of new pattern generation is greater, so the sequence is more irregular or complex, and vice versa. In OSA, oxygen desaturations associated with apnea events cause fluctuations in signal leading to high values. Several quantitative indexes estimated from overnight pulse oximetry have been used to predict the presence of OSA. These indexes include the number of oxyhemoglobin desaturations below a certain threshold, usually 3% or 4% decline from baseline [13] - [16] , the cumulative time spent below a of 90% [17] , [18] , saturation impairment time index that integrates severity and duration of oxygen desaturation [37] , spectral analysis of and pulse rate applied to evaluate the presence or absence of a peak in the periodogram [38] , or a measure of the variability of the ( index) [8] , [18] . In these studies, the sensitivity of pulse oximetry ranged from 88% to 98%, and the specificity from 40% to 88% if an apnea-hipopnea index (AHI) of 10 or 15 events per hour measured during PSG was defined as the upper limit of normalcy. However, there are some methodological differences that do not allow comparing all these results with our study. At present, there is not a definite standard AHI criterion for the diagnosis of OSA with the threshold varying from 5 to 20 events per hour. Thus, there is not an agreement on the standard threshold to diagnose OSA [18] . Some works use conservative values and employ an events per hour to determine OSA, whereas other researchers diagnose mild OSA with an . The study by Vazquez et al. [13] reported the highest sensitivity (98%) and specificity (88%). However, they used a definition of arousal that differs substantially from the criteria proposed by the Atlas Task Force [39] . As a result of their definition of hypopnea, results will differ substantially from those estimated in conventional studies, as it is indicated in [18] . Other works [16] - [18] , [37] , [38] achieved better sensitivity values, ranging from 88% to 98%, than our study, but failed in specificity (from 40% to 75%). We used a training set to develop the algorithm and to select the optimum threshold ( value) to improve the sensitivity/specificity pair according to ROC curve. With a test set, we obtained a higher specificity (86.96%) but a lower sensitivity (82.09%) than other studies. Moreover, when comparing our results with these previous studies on oximetry, we can confirm several aspects about reduction of variability in the oxygen saturation signals in non-OSA subjects [8] , [18] Certain limitations that could influence our results need to be considered. First, there are some technical problems associated with oximetry for recognizing OSA [38] . For example, there may be poor contact between the probe and the finger due to body movements, and bad regional circulation occasionally produces signals resembling multiple falls in oxygen saturation. Mindful of this, we examined our recordings before the analysis to see if they evidenced technical problems. For example, we eliminated all data that registered drops to zero. From our experience, we know these falls are generally due to finger-probe disconnections. Second, patients with positive OSA were predominantly studied. Therefore, the sample may not fully represent the population of patients referred to clinicians, and those having snoring or upper airway resistance. A third limitation to the applicability of our method should be mentioned. We used overnight pulse oximetry obtained simultaneously with PSG data in the sleep laboratory. This has the advantage of eliminating such potential confounders as night to night variability of AHI, as well as ensuring that oximetry data were collected in exactly the same environment as the PSG data. Further analyses using overnight oximetry done in the home settings unattended by technicians are necessary.
In summary, we found that the recurrence of apnea events in patients with OSA determined a significant increase in the values of the signals. This method was assessed prospectively using the test dataset, where we obtained 82.09% sensitivity and 86.96% specificity To our knowledge, this is the first study that uses to verify the diagnostic value of oximetry recordings in OSA syndrome. We think that analysis of nocturnal pulse oximetry recording could be a supplementary method to the conventional indexes for diagnosis of OSA on an ambulatory basis. However, further work is now required to test the potential value of our methodology with a larger data set.
